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Abstract. [Context and Motivation] In software development, var-
ious interrelated artifacts are created. Access to information on the re-
lation between these artifacts eases understanding of the system and
enables tasks such as change impact and software reusability analyses.
Manual trace link creation is labor-intensive and costly, and thus is of-
ten missing in projects. Automation could enhance the development and
maintenance efficiency. [Question/Problem] Current methods for au-
tomatically recovering traceability links between different types of re-
quirements do not achieve the necessary performance to be applied in
practice, or require pre-existing links for machine learning. [Principal
Ideas and Results] We propose to address this limitation by leverag-
ing large language models (LLMs) with retrieval-augmented generation
(RAG) for inter-requirements traceability link recovery. In an empirical
evaluation on six benchmark datasets, we show that chain-of-thought
prompting can be beneficial, open-source models perform comparably
to proprietary ones, and that the approach can outperform state-of-the-
art and baseline approaches. [Contribution] This work presents an ap-
proach for inter-requirements traceability link recovery using RAG and
provides the first empirical evidence of its performance.

Keywords: Traceability Link Recovery · Requirements Traceability ·
Requirements Engineering · LLM · Retrieval-Augmented Generation

1 Introduction

During software system development and maintenance, different artifacts are
created, modified, and maintained. These artifacts are interrelated, typically
representing refinements, implementations, or views of another artifact. Access
to the information that artifacts are related to each other eases understanding the
system and aids in tasks such as assessing the impact of changes [5,40]. However,
manually creating or maintaining this traceability information is labor-intensive
and costly. Therefore, in most software projects this information is not readily
available. Automating the generation of traceability information could improve
the efficiency of software development, maintenance, and management in many
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projects that currently do not have access to this kind of information [5, 13].
Additionally, regulatory bodies mandate traceability in safety-critical systems
such as aerospace or automotive [10,31,34].

Existing approaches for automatically recovering trace links between different
types of requirements still do not achieve the necessary performance to fully
automate the task [1, 16, 39] or need initial links in a project to fit a machine
learning (ML)-based approach to the project specifics [14, 28, 29, 41]. However,
as an unsupervised traceability link recovery (TLR) without the need for initial
links would be able to provide traceability information to a larger group of
projects, we target this task in our work.

Recently, large language models (LLMs) have shown promising performance
on related software engineering tasks, such as bug localization [22, 26], issue-
commit linking [20, 23], and code search [3]. As they show impressive perfor-
mance, especially in understanding and analyzing natural language documents,
and the fact that inter-requirements traceability mainly deals with those types
of documents, we want to investigate their potential for the task.

However, pretrained LLMs may not have access to the project specifics and its
contexts out-of-the-box. Simply presenting all potential trace link candidates to
the LLM might not be possible, as their input length is limited. Fortunately, the
processing can be augmented by retrieval techniques, called retrieval-augmented
generation (RAG) [21]. In RAG, relevant documents to a query are first retrieved
based on information retrieval (IR). Then, the LLM is tasked to generate the
answer by taking into account the retrieved documents.

Therefore, we propose to use RAG for traceability link recovery between
requirements. We investigate the potential of RAG for inter-requirements TLR
and put the results into perspective by comparing them to state-of-the-art and
baseline approaches. This leads us to our first research question:

RQ1: How does a RAG-based TLR approach perform compared to baseline and
state-of-the-art approaches?

As recent research indicates that chain-of-thought (CoT) prompting can be more
effective than other zero-shot prompts [33], we further explore how the perfor-
mance is affected by this prompting technique:

RQ2: Does chain-of-thought prompting improve the performance compared to
a simple classification prompt?

Access to an open-source and self-hostable option of the LLMs may make the
approach applicable to a wider range of projects. Therefore, we additionally
investigate the following research question:

RQ3: Is the performance of current open-source LLMs comparable to the per-
formance of proprietary ones?

Our contributions are insights into the performance of a RAG-based approach for
TLR between requirements, an empirical study on the effect of different LLMs
and prompt techniques on the performance of this RAG-based approach, and a
comparison to existing automated inter-requirements TLR approaches.
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2 Related Work

Automatically recovering trace links between requirements has been in the fo-
cus of research for the past two decades. Early approaches utilize classical IR
techniques such as vector space model (VSM) [15], latent semantic indexing
(LSI) [16], and the probabilistic network model [43]. In addition to simply using
the requirements as inputs, approaches explored the use of the project glos-
sary [43], thesauri [15,27] and ontologies [2]. Other approaches combine multiple
IR techniques [25] or techniques for directly linking certain artifact types with
techniques using intermediate artifacts [32].

More recently, approaches utilize word embeddings [4, 17, 42] and machine
learning [14, 28, 29, 41] to tackle the task. However, besides S2Trace by Chen et
al. [4], these approaches require initial links between the artifacts to train the
models, which is a different task than tackled in this paper.

Schlutter and Vogelsang [37, 38] use spreading activation on a combination
of dependency and semantic role label graphs to identify trace links between
different types of requirements.

Current approaches use LLMs to recover trace links. Lin et al. [24] explore the
performance of domain-adapted BERT-LLMs. They compare a generic software
engineering LLM, a project domain-adapted version, and a trace task-related
adaptation. In their experiments, the trace task-related training on issue-commit
links in GitHub performed best on the tasks of trace link completion and ex-
pansion. Although their approach targeted these tasks they also measured the
zero-shot performance of their Task-CLS and Task-RANK models on generating
trace links without existing initial links, which is a similar task to ours.

Rodriguez et al. [33] presented a preliminary study on applying prompt en-
gineering to TLR. On a subset of the CM1 and Dronology [6] dataset, they
explored the performance of different prompts and prompt types showing that
small prompt modifications can result in differences in TLR results. Chain-of-
thought prompting improved both the precision and recall of the recovery.

Preda et al. [30] use GPT-3.5 and GPT-4 models to detect whether a given
set of low-level requirements fulfills the aspects described in the corresponding
high-level requirements. They could show that zero-shot prompting by asking
the LLM to explain their answer performed best on the task.

3 Approach

This section presents the RAG-based approach and discusses its different com-
ponents. Retrieval-augmented generation (RAG) typically consists of two steps:
first, identifying relevant documents via IR techniques and second, prompting
the LLM to perform the actual task in the context of the retrieved documents.
In our case, relevant documents are requirements from the set of target artifacts
that might be candidates for having a trace link to a certain source requirement.
The approach takes two sets of requirements files as input: the set of source
requirements (e.g., high-level requirements) and the set of target requirements
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Fig. 1. Overview of the retrieval and prompting steps with data in orange, prompting
in blue, and the other processing in white.

(e.g., low-level requirements). For the semantics of such a trace link, we assume
that they are in a refinement or predecessor-successor relationship. The output
of the approach is a list of trace links between the requirements in the two sets.

3.1 Retrieval Step

To retrieve relevant documents, we use document embeddings. We transform
both the source and target requirements using the embedding model of an LLM
into a vector representation. Since the requirements can typically be regarded as
shorter texts, we directly apply the embedding models to a whole requirement.
The embeddings of the requirements from the target set are then stored in a
vector store. For each source requirement, we then retrieve potential candidates
for the prompting, as shown in Figure 1.

Thus, the step is responsible for finding the Top-k most similar target re-
quirements in the vector store for a given source requirement. We use the cosine
similarity of the requirements’ embedding vectors to calculate similarity. These
k target requirements are used as trace link candidates for the prompting step.

3.2 Prompting Step

In the prompting step, for each pair consisting of a source requirement and a
target requirement candidate from the retrieval step, a prompt for the LLM
is created. Depending on the response of the LLM, the approach decides if it
should create a trace link between the source requirement and the candidate
target requirement.

In principle, the approach supports different prompting techniques. However,
in this paper, we do not focus on prompt engineering, i.e., we do not extensively
modify prompts and compare their performance. Instead, we build on the find-
ings of Rodriguez et al. [33], from which we derive two prompt types: a KISS
prompt and a chain-of-thought (CoT) prompt. Both prompts also performed
well for other TLR tasks [11]. The KISS prompt serves as a straightforward
classification prompt, while we designed the CoT prompt to ask the LLM to
reason about the artifacts.
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KISS Prompt The KISS prompt is a simple zero-shot prompt (cf. Prompt 1).
The prompt first states that the software development domain is the context.
Afterward, the prompt provides the types of artifacts and their contents. The
actual question posed to the LLM is then a yes-or-no question if the source re-
quirement is related to the target requirement candidate. In the LLM’s response,
the approach looks for the term yes. If found, the approach creates a trace link
between the source and target requirement.

Prompt 1: KISS
Question: Here are two parts of software development artifacts.
{source_type}: '''{source_content}'''
{target_type}: '''{target_content}'''
Are they related?
Answer with 'yes' or 'no'.

Chain-of-thought Prompt This prompt uses chain-of-thought (CoT) prompting
to decide the traceability (cf. Prompt 2). It first sets the context for the LLM by
defining that it will get two artifacts from the same software system. Afterward,
the prompt asks if there should be a traceability link between the two artifacts.
This question is also a simple yes-or-no question as in Prompt 1, but additionally,
the LLM is asked to provide reasoning. Lastly, the prompt defines the output
format and provides the source and target requirements. Again, the approach
analyzes the output of the LLM and creates a trace link between the source
requirement and the target requirement if the LLM replied with yes.

Prompt 2: CoT
Below are two artifacts from the same software system. Is there a trace-
ability link between (1) and (2)? Give your reasoning and then answer
with 'yes' or 'no' enclosed in <trace> </trace>.
(1) {source_type}: '''{source_content}'''
(2) {target_type}: '''{target_content}'''

4 Evaluation

In this section, we present the empirical evaluation of the approach. We com-
pare the performance of the different prompts and models on six benchmark
datasets. Moreover, we relate to the performance of state-of-the-art and baseline
approaches.

4.1 Experimental Setup

First, we describe the experimental setup we used for our evaluation. In all of
our experiments, we set the temperature of the LLMs to zero and set a fixed
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Table 1. Overview of the datasets. Datasets comprise either high-level requirements
(HLR), low-level requirements (LLR), requirements (R) or regulatory codes (RC). Per-
centage of linked source and target artifacts in the gold standard is given in brackets.

Artifact Type Number of Artifacts
Dataset Source Target Source Target TLs
CCHIT-2-WorldVista R RC 116 (62%) 1064 (39%) 587
CM1-NASA HLR LLR 22 (86%) 53 (57%) 45
Dronology HLR LLR 99 (96%) 211 (99%) 220
GANNT HLR LLR 17 (100%) 69 (99%) 68
MODIS HLR LLR 19 (63%) 49 (63%) 41
WARC HLR LLR 63 (95%) 89 (89%) 136

random seed (133742243) for the LLMs. This functionality makes it possible to
achieve deterministic results from the LLMs. We set the number of retrieved
trace link candidates to four. We chose k = 4, because it represents the average
ratio of source artifacts to target artifacts in the datasets. Moreover, in our
experiments the average number of target requirements that relate to a certain
source requirement always stayed under four.

Datasets To compare our results to other approaches, we use datasets that
are commonly used in the TLR community. Table 1 gives an overview of the
datasets. We took the CCHIT-2-WorldVista, CM1-NASA, GANNT, MODIS,
and WARC datasets from the repository of the Center of Excellence for Software
& Systems Traceability (CoEST) [7]. Additionally, we make use of the Dronology
dataset [6]. CM1, Dronology, GANNT, MODIS, and WARC comprise high-level
requirements (HLR) and their respective low-level requirements (LLR), whereas
CCHIT links requirements to regulatory codes. CCHIT and Dronology are the
largest datasets with more than 300 requirements.

However, the gold standard trace links of CCHIT only cover 39% of the
1064 LLR. The gold standards for the CM1 and the MODIS dataset also cover
only a low number of artifacts. This can mean two things: either the set of
source/target requirements is incomplete, resulting in source requirements not
having a link to a target artifact or target artifacts not having a corresponding
source artifact in the dataset, or the gold standard is incomplete. Especially for
IR-based approaches, this can influence the performance, as they seek to map
a source artifact to its most similar target artifacts under the assumption that
ideally, each artifact should have a corresponding artifact in the TLR task. On
these datasets, previous works achieved a particularly low performance [4,15,42].

Metrics As our approach regards the task of recovering trace links as a classifi-
cation task, we make use of classification metrics that are commonly applied to
evaluate the performance of TLR approaches [16, 39]: precision, recall, and the
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Fβ-score. We choose β = 1, as for the goal to fully automate TLR, both precision
and recall have to be high [16]. If one weakens the goal to semi-automatic TLR,
recall should be valued higher to prevent too many missed links. Therefore, we
additionally provide F2-score.

Large Language Models In this evaluation, we use different LLMs based on
recent state-of-the-art models. We use text-embedding-3-large by OpenAI as the
embedding model. We opted for that model, as the vendor states it is their newest
and best-performing embedding model. We did not include further embeddings
in this work to reduce the degrees of freedom.

Regarding the LLMs for prompting, we decided to use models by OpenAI
and locally deployed open-source models. For OpenAI, we have chosen recent
state-of-the-art models. Namely, we use GPT-4o mini and GPT-4o. As open-
source models, we used Codellama 13b and Meta AI Llama3.1 8b. We choose
the models based on their performance and required resources. Compared to the
other models, Codellama 13b has been trained to generate and discuss code. The
other models are general-purpose models. We used a machine with a Tesla V100S
GPU with 32GB VRAM, 112 CPUs (2.7GHz), and 256GB RAM to execute the
experiments with the open-source models. For the GPT-based models, we used
OpenAI’s API.

Baselines To evaluate the performance of our approach, we compare it to state-
of-the-art and baseline approaches. The first baseline is the IR-only approach.
This approach does not use the classifying LLM, but only the retrieval step
of our approach. We directly create trace links between a source requirement
and all retrieved target requirements candidates. By doing so, we give an upper
boundary of the achievable recall of our RAG-based approach, as the prompting
can only link a source requirement to target requirements within the top k target
requirements retrieved by the retrieval step. This allows us to analyze the effect
the classifier step has and whether the classifier is beneficial.

Additionally, we provide the results of two baseline approaches using VSM
and LSI as provided by Gao et al. [12] in their replication package. As the
approaches only output ranked lists per source artifact and do not define a fixed
threshold to determine final trace links, we calculate the optimized F1-score per
project by varying the cutoff threshold between [0, 1] in 0.01 steps. Thus, the
comparison reflects the upper boundary of the baselines’ performance.

For the comparison to existing approaches, we searched for related work that
either reported results on the same datasets or provided replication packages
to apply their approaches to our datasets. Unfortunately, none of the unsuper-
vised inter-requirements TLR approaches mentioned in Section 2 provided a still
accessible replication package, leaving us with a comparison to values reported
in the respective publications. Most older approaches only show precision-recall
graphs from which it would be imprecise to derive exact numbers, or they re-
quire manually provided information such as thesauri and glossaries. Therefore,
we only compare our approach with the more recent approaches WQI by Zhao
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et al. [42], S2Trace by Chen et al. [4], and Task-CLS/Task-RANK by Lin et
al. [24], as they reported either F1- or F2-score on some of the datasets.

Statistical Significance Tests For performing statistical significance tests,
we follow the guidelines of Dell’Anna et al. [9] for the evaluation of classifiers in
software engineering research. As we compare more than two classifiers in this
work, we use Friedman’s omnibus test with Nemenyi’s post-hoc. For measuring
the practical significance, we calculate Kendall’s W for the effect size of the
Friedman test. To interpret the results, we follow Cohen’s guidelines [8]: Small
effect [0.1, 0.3), medium effect [0.3, 0.5), and large effect [0.5, 1.0].

4.2 Results

Before analyzing the performance of our approach in comparison to baselines and
state-of-the-art (RQ1), we first investigate the influence of the prompting tech-
nique (RQ2) and the chosen LLM (RQ3) on the performance of our approach.
Table 2 displays the results in precision (P.), recall (R.), F1- and F2-score on the
five datasets and on average. We report the values for the IR-only baseline and
the four LLMs with both the KISS and the CoT prompt.

RQ2: Does chain-of-thought prompting improve the performance in
comparison to a simple classification prompt? Regarding RQ2, the results
show that in average F1-score, both GPT models and the Llama model perform
better with CoT prompting. Only Codellama achieves a higher F1-score with
the KISS prompt. The CoT version of Codellama is also the only variant that
performs worse in F1-score than the IR-only baseline. GPT-4o with chain-of-
thought prompting achieves the best average performance in precision, F1- and
F2-score. With an average F1-score of 45.1%, the improvement is statistically
significant (at the α = 0.05 level) compared to the IR-only baseline.

However, neither in F1-score nor F2-score the differences between the CoT
prompt versions and the KISS prompt versions are statistically significant (at
the α = 0.05 level). The effect size is small in both cases.

This leads us to the conclusion:

Conclusion RQ2: Although there are no statistically significant dif-
ferences between the prompt types, it is noticeable that if precision is as
important as recall (F1-score), chain-of-thought prompting can improve
the performance on inter-requirements traceability link recovery.

Interestingly, both GPT-4o and GPT-4o mini with KISS prompt achieve
the same average recall as the IR-only baseline that by design sets the upper
boundary of our approach’s achievable recall. They also improve precision, which
means they can identify some false positives in the target candidate list without
discarding correct links. However, the improvements in precision are relatively
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Table 2. Detailed results of our RAG-based approach with different models and
prompt types. Best results per row are highlighted in bold type.

D
at

as
et

M
et

ric

KISS CoT
IR-
only

GPT-
4o

GPT-
4o mini

Code-
llama

Llama
3.1

GPT-
4o

GPT-
4o mini

Code-
llama

Llama
3.1

C
C

H
IT

P. .198 .234 .212 .247 .205 .367 .264 .206 .276
R. .157 .157 .157 .155 .157 .138 .145 .152 .129
F1 .175 .188 .180 .190 .178 .200 .187 .175 .176
F2 .164 .168 .165 .167 .164 .158 .159 .160 .145

C
M

1

P. .330 .341 .330 .341 .330 .458 .358 .438 .414
R. .644 .644 .644 .644 .644 .600 .644 .467 .644
F1 .436 .446 .436 .446 .436 .519 .460 .452 .504
F2 .541 .547 .541 .547 .541 .565 .556 .461 .580

D
ro

no
lo

gy P. .386 .394 .386 .417 .383 .512 .421 .388 .405
R. .695 .695 .695 .614 .686 .655 .668 .632 .568
F1 .497 .503 .497 .496 .492 .575 .517 .481 .473
F2 .600 .603 .600 .561 .593 .620 .598 .561 .526

G
A

N
N

T P. .544 .544 .544 .544 .561 .607 .569 .565 .571
R. .544 .544 .544 .544 .544 .544 .544 .515 .529
F1 .544 .544 .544 .544 .552 .574 .556 .538 .550
F2 .544 .544 .544 .544 .547 .556 .549 .524 .537

M
O

D
IS P. .145 .200 .193 .268 .220 .500 .263 .153 .233

R. .268 .268 .268 .268 .268 .171 .244 .220 .244
F1 .188 .229 .224 .268 .242 .255 .253 .180 .238
F2 .229 .251 .249 .268 .257 .197 .248 .202 .242

W
A

R
C P. .373 .387 .373 .428 .374 .537 .408 .405 .433

R. .691 .691 .691 .566 .676 .640 .654 .625 .640
F1 .485 .496 .485 .487 .482 .584 .503 .491 .516
F2 .590 .597 .590 .532 .582 .616 .584 .564 .584

Av
g.

P. .329 .350 .340 .374 .345 .497 .381 .359 .389
R. .500 .500 .500 .465 .496 .458 .483 .435 .459
F1 .387 .401 .394 .405 .397 .451 .413 .386 .410
F2 .445 .452 .448 .437 .447 .452 .449 .412 .436
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small in comparison to the GPT-4o CoT variant. The KISS prompt variants
usually have the same recall as the IR-only baseline on most projects, but they
are less precise than the CoT prompt variants.

RQ3: Is the performance of current open-source LLMs comparable to
the performance of proprietary ones? If we look at the performance of the
open-source models, Codellama and Llama3.1, the results differ in comparison
to the proprietary model depending on the type of prompt used. Using the KISS
prompt, the open-source models achieve a lower average recall and a higher
or comparable precision than the GPT-based models. If we value precision as
important as recall (F1-score) the Codellama model performs best with the KISS
prompt (40.5%). However, regarding F2-score, both GPT models perform better.
With the CoT prompt, however, both open-source models are outperformed by
the proprietary models in both average F1-score and F2-score. Overall, the GPT
models achieve the best average F1-score and F2-score. However, on the MODIS
dataset, the Codellama model performs best.

To answer the question, if the performance between open-source and propri-
etary LLMs is comparable, we compare the results of the different models to
each other with Friedman’s omnibus test with Nemenyi’s post-hoc. In F2-scores
no statistically significant differences can be observed. In F1-score, GPT-4o per-
forms significantly better than both open-source models with medium effect size.
GPT-4o mini, however, shows no significant difference to any of the tested mod-
els. Therefore, we come to the following conclusion:

Conclusion RQ3: In general open-source and proprietary LLMs per-
form comparably in inter-requirements traceability link recovery. How-
ever, if we rate precision as important as recall (F1-score), at least
GPT-4o is able to statistically outperform the open-source models.

RQ1: How does a RAG-based TLR approach perform compared to
baseline and state-of-the-art approaches? Table 3 shows the results in
F1-score and F2-score of our best-performing variants compared to the VSM,
LSI, and IR-only baselines. We additionally include the values of WQI, S2Trace,
Task-CLS, and Task-RANK as reported in the publications. As discussed in
Section 4.1, we could not replicate their or any other approach and, thus, cannot
give the full overview of their performance on these datasets. However, most older
publications also use VSM and LSI and, thus, perform similarly to our baselines.

If we look at F1-score, the GPT-4o model with CoT prompting outperforms
all baselines and the state-of-the-art approaches on all but the MODIS dataset.
Compared to the LSI and the IR-only baseline, the improvement is even statisti-
cally significant (at the α = 0.05 level). Regarding practical significance the effect
size is medium (Kendall’s W = 0.415). On MODIS, however, the VSM baseline
achieves an F1-score of 33.3%, 7.8 percentage points higher than GPT-4o with
CoT with 25.5%. As on average GPT-4o with CoT achieves a 11.2 percentage
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Table 3. Comparison to baselines and existing approaches. Our approaches are un-
derlined and the best results per column are highlighted in bold type.

CCHIT CM1 Dronol. GANNT MODIS WARC Avg.
Approach F1 F2 F1 F2 F1 F2 F1 F2 F1 F2 F1 F2 F1 F2

WQI — — .349 .337 — — .351 .453 — — — — — —
S2Trace — — .378 .435 — — .381 .463 — — — — — —
Task-CLS — — — .605 — .493 — — — — — — — —
Task-RANK — — — .520 — .510 — — — — — — — —

B
as

el
in

e VSM .190 .259 .429 .451 .519 .552 .344 .374 .333 .273 .221 .303 .339 .369
LSI .186 .203 .374 .413 .487 .503 .326 .387 .292 .307 .165 .207 .305 .337
IR-only .175 .164 .436 .541 .497 .600 .544 .544 .188 .229 .485 .590 .387 .445

K
IS

S GPT-4o .188 .168 .446 .547 .503 .603 .544 .544 .229 .251 .496 .597 .401 .452
Codellama .190 .167 .446 .547 .496 .561 .544 .544 .268 .268 .487 .532 .405 .437

C
oT GPT-4o .200 .158 .519 .565 .575 .620 .574 .556 .255 .197 .584 .616 .451 .452

Llama3.1 .176 .145 .504 .580 .473 .526 .550 .537 .238 .242 .516 .584 .410 .436

points higher F1-score, we still regard our approach as superior to plain VSM.
Compared to the non-baseline approaches WQI and S2Trace, which use word
embedding-based information retrieval, all our variants and even the IR-only
baseline perform better in F1-score. On CM1, GPT-4o with CoT outperforms
the better-performing S2Trace by 14.1 percentage points and on GANNT even
by 17.5 percentage points. As Lin et al. [24] did not report F1-score, we can only
compare to their approaches in F2-score.

In F2-score, all our approaches outperform Task-CLS and Task-RANK on
Dronology. On CM1, however, Task-CLS performs best in F2-score with 60.5%.
Our best approach achieves 58% and all our variants outperform the 52% of
Task-RANK. On average F2-score on CM1 and Dronology GPT-4o with CoT still
performs better than all comparison approaches. Compared to WQI and S2Trace
on CM1 and GANNT, all our approaches achieve higher F2-scores. Regarding
the baselines, GPT-4o with CoT performs, with an average F2-score of 45.2%,
8.3 percentage points better than the VSM (36.9%) and 11.5 percentage points
better than the LSI baseline (33.7%). However, due to the lower performance
on CCHIT and MODIS, the improvement is not statistically significant in a
Wilcoxon signed-rank test.

As our best-performing approach GPT-4o with CoT outperforms all other
approaches in average F1- and F2-score, we come to the following conclusion:

Conclusion RQ1: In inter-requirements TLR, a RAG-based approach
performs better than state-of-the-art and baseline approaches.
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4.3 Threats to Validity

Based on the guidelines of Runeson and Höst [35] and the threats of using
LLMs in software engineering discussed by Sallou et al. [36], we address po-
tential threats of our research and experiments.

Construct validity In this work, we explicitly did not focus on prompt engi-
neering, as we aim to provide first exploratory results on RAG for TLR. Thus, a
potential threat to the validity of our results is the selection of the prompts used,
e.g., the KISS prompt just uses related without defining its meaning. However,
we derive the prompts from the work of Rodriguez et al. [33].

Internal validity Our results and, thus, our conclusions might be influenced
by other factors. To mitigate this threat, we follow established practices. We
used established benchmark datasets and stated the origins of the projects. This
reduces the risk of selection bias.

External validity We evaluate our approach on a limited number of projects.
The results can vary for other projects. For example, the choice of retrieved
trace links candidates k could influence the performance on projects with other
characteristics. To reduce this threat, we use benchmark datasets commonly
used in TLR research. The datasets cover different domains and project sizes.
Nevertheless, most datasets are quite old and might not reflect the challenges for
traceability in modern projects. Second, we evaluate the approach with only one
embedding model and four LLMs, thus, we cannot state if the results hold for
other models. To mitigate this threat, we make use of state-of-the-art models.
The third threat is using closed source models for evaluation. Since we do not
know the training data of these models, we cannot ensure that there is no data
leakage. The fourth threat is the non-determinism of the LLMs. To mitigate this
threat, we set a random seed for the LLMs and set their temperature to 0. Thus,
our results are dependent on the chosen seed 133742243.

5 Conclusion

In conclusion, this work investigated the capabilities of retrieval-augmented
generation (RAG) for automated inter-requirements traceability link recovery
(TLR). We presented a two-step approach that first uses embedding-based in-
formation retrieval to identify potential trace link candidates (target require-
ments) for a given source requirement. Then the approach uses those candidates
to prompt a generative large language model for identifying the links. We imple-
mented two kinds of prompts: a simple zero-shot prompt (KISS), and a zero-shot
prompt using chain-of-thought (CoT).

In an empirical evaluation with six benchmark datasets from the TLR com-
munity with four different LLMs, we could show that the approach can outper-
form state-of-the-art and baseline approaches. On average, our best-performing
configuration using GPT-4o and CoT prompting achieved an F1-score of 45.1%
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and an F2-score of 45.2%. Furthermore, we observed that CoT can be beneficial
in comparison to the KISS prompt, and that current open-source models perform
comparably to proprietary ones. However, 45% F1-/F2-score is still insufficient
to be used in a fully automated setting in practice.

Consequently, as a next step, we plan to investigate further prompting tech-
niques, such as few-shot prompting and automated prompt engineering. We
intend to improve the RAG-based approach by including context information
beyond the information in the artifacts. As we have shown in previous work [19]
that identifying relevant parts of the requirements for TLR can be beneficial, we
will explore the use of requirements classification for this approach as well.
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publicly available in our replication package [18].
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